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ABSTRACT
In this paper we propose an automatic system for tran-
scribing makam music of Turkey. We document the spe-
cific traits of this music that deviate from properties that
were targeted by transcription tools so far and we compile
a dataset of makam recordings along with aligned micro-
tonal ground-truth. An existing multi-pitch detection al-
gorithm is adapted for transcribing music in 20 cent res-
olution, and the final transcription is centered around the
tonic frequency of the recording. Evaluation metrics for
transcribing microtonal music are utilized and results show
that transcription of Turkish makam music in e.g. an inter-
active transcription software is feasible using the current
state-of-the-art.
1. INTRODUCTION
The process of deriving a description for music in the form
of a graphical representation is referred to as transcription
in musicology. The practical use of this process lies usu-
ally in simplifying the analysis of mainly melodic, rhyth-
mic and harmonic properties of a piece. The discussion of
a proper graphical representation is almost as old as (com-
parative) musicology [2]. It can be stated as common sense
that the goal of the analysis and traits of the music should
guide the choices towards obtaining a transcription.
Automatic music transcription (AMT) is the process of
automatically converting an acoustic music signal into some
form of musical notation and is considered to be an open
problem in the music information retrieval (MIR) litera-
ture, especially for transcribing multiple-instrument poly-
phonic music [5, 10]. The vast majority of AMT systems
are targeted for transcribing well-tempered Eurogenetic 1
music and typically convert a recording into a piano-roll or
a MIDI file (cf. [8] for a recent review of AMT systems).
Evaluation of AMT systems is also typically made using a
quarter tone tolerance, as in the MIREX Multiple-F0 Esti-
mation and Note Tracking Tasks [1].
1 Term used to avoid the misleading dichotomy of Western and non-
Western music. It was proposed by Prof. Robert Reigle (MIAM, Istanbul)
in personal communication.
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In Turkish makam music, it is an open discussion which
amount of steps should be used to divide an octave in or-
der to be able to adequately describe pieces in all existent
modes (makams). Academic theory adopted the division
of the octave into 53 equal tempered intervals, which re-
sults in an interval of 22.642 cent, referred to a Holderian
comma (see [6] for a concise description). A Western staff
notation enhanced to represent such finer resolution (see
Section 2) is used by musicians to practice and memorize
pieces. Therefore, it appears to be reasonable to target a
similar representation for a transcription system for Turk-
ish makam music.
In this work, a system for transcribing Turkish makam
music is proposed; we compile a dataset containing mi-
crotonal ground-truth and modify a state-of-the-art multi-
pitch detection algorithm [4] to the specific challenges of
Turkish makam music. This way we can obtain a first in-
sight into the difficulty of the task, and gain insight into
necessary future development steps. This includes the ques-
tion if different music demands the design of a radically
different approach, or if enhancing existing software can
be an appropriate choice.
We will start by explaining the basic challenges that this
music poses for AMT systems, and give our motivations to
pursue this task for Turkish makam music in Section 2. We
then describe the music collection that was compiled and
used for evaluation, along with evaluation measures in Sec-
tion 3. Section 4 describes the automatic transcription sys-
tem, and experimental results are presented in Section 5.
In the final Section we discuss our results and propose a
strategy for an improved transcription system.
2. CHALLENGES AND MOTIVATION
The makam in Turkish music is a modal framework for
melodic development. It includes the notion of a scale,
proposes certain modulations to other makams, and de-
scribes characteristics of melodic progression. While a
comprehensive explanation of these concepts is out of the
focus of this paper, we are going to emphasize certain char-
acteristics of Turkish makam music that make it a chal-
lenging repertoire for automatic transcription. Regarding
the relation between music and notation, four traits deserve
closer attention:
1. The notation of Turkish makam music uses a system
that is based on Western staff notation, which intro-
duces additional accidentals that signify a subset of
the intervals obtained by dividing a whole tone into
Figure 1. Visualization of the accidentals used in Turkish music.
Only four of the possible eight intermediate steps that divide a
whole tone are used.
nine equal steps (Holderian comma). This system
comes with four additional flat and sharp accidentals
respectively, see Fig. 1. However, as intensively dis-
cussed in music practice as well as in literature [6],
this coarse grid does not properly reflect the intona-
tion that is applied in practice. The knowledge about
this correct intonation is part of the oral tradition.
2. Apart from the intonation of intervals, the funda-
mental frequency of a note depends on the transpo-
sition which a musician chooses. Only in one par-
ticular transposition the note a′ is equal to 440Hz,
while there are a total of 12 transpositions to choose
from.
3. A third particularity of Turkish music is that once
a transposition is chosen, musicians in an ensem-
ble choose an octave which suits the tonal range of
their instrument. This can lead to up to three paral-
lel melodies in octave intervals, while they are still
considered to represent the (single) melody in the
notation.
4. As fourth and final aspect, we have to emphasize the
importance of augmenting the notes written in the
score by various types of ornamentations and note
additions. This is valid for pieces interpreted by a
single musician, but also in the presence of several
instruments. In the latter case, all musicians interpret
a single melodic line, but are given a wide range of
freedom to deviate from the simple representation
in the score. This musical interaction is commonly
referred to as heterophony.
These four traits of the relation between music and no-
tation in Turkish makam music clarify that it poses some
novel challenges to existing AMT systems. Current sys-
tems are usually focused on either polyphonic and mono-
phonic sounds, and aim at a transcription into a represen-
tation with only 12 intervals per octave. The ability to ex-
tend systems beyond these specifications, and to tackle the
above mentioned traits with an algorithmic approach can
provide us with the means to transcribe performances of
Turkish makam music. Such transcription is of great value
for studying e.g. improvised performances of this music,
or to study performance differences between different mu-
sicians.
It is worth to note that Turkish makam music is related
to modal practice in many other cultures, in the sense that
it shares the traits of microtonality and heterophonic per-
formance. Its advantage for our studies is the availability
of a large corpus of notation from more than 400 years. It
therefore represents an ideal point of entry into the devel-
opment of automatic transcription approaches for modal
music throughout the world.
3. MUSIC COLLECTION AND EVALUATION
METRICS
3.1 Music Collection
The main instrumental forms of Turkish makam music, be-
sides the improvised taksim, are the Pes¸rev and Saz Se-
maisi. Many notations of such pieces are publicly available
in collections such as the one presented in [9], which con-
tains notation with microtonal information in a machine-
readable format (referred to as SymbTr format).
As our goal is to transcribe performances that use the
most popular Turkish instruments, we decided to organize
our collection according to that. As can be seen in Table 1,
we chose five performances that use tanbur, a plucked string
instrument, and five performances that contain ney, a rim-
blown reed flute. Apart from solo performances, we also
picked six ensemble performances that include various in-
struments. The horizontal lines in Table 1 divide between
groups that represent different recordings of the same com-
position. We restricted ourselves to pieces that are avail-
able in the SymbTr collection [9], in order to use those
notations as a starting point for the note-to-note alignment
between notation and performance, which is a necessary
element of the evaluation procedure for a transcription sys-
tem (see Section 3.2).
Figure 2. Screenshot of the manual alignment: the spectrogram
for the first melodic phrase of the Beyati pes¸rev, with the aligned
MIDI note events overlayed as red rectangles.
In order to obtain a note-to note alignment, we followed
a semi-automatic approach. First, we determined if a per-
formance deviates from the sequence of sections as found
in the notation, and edited the SymbTr notation accord-
ingly. This was necessary, as it is common to omit some
units of a composition, or not to follow the repetitions as
given in the notation. Then we converted the SymbTr rep-
resentation to MIDI, and applied the approach presented
in [11] in order to get a first estimate of the temporal align-
ment between the recording and the notes in the MIDI
representation. The obtained aligned MIDI file was then
loaded to the Sonic Visualiser 2 software as a notation layer
2 http://www.sonicvisualiser.org/
on top of the spectrogram of the recording, and the align-
ment was corrected manually; see Fig. 2 for an illustra-
tion. It is important to point out that the notations used in
the Turkish tradition only outline the basic structure of the
melody. The pieces are meant to be livened up by the per-
formers using embellishments and adding notes in a way
that still respects the notes in the score. That means that
in most cases, the notes found in the score are present in
the performance, but possibly with changed durations due
to the additions of the performer. Therefore, we restricted
the manual correction mainly to aligning the notes in the
MIDI layer with the performance, and did not annotate the
added performance features. This means that we did not
attempt to obtain a descriptive transcription of the perfor-
mance [13], but rather target at the correct recognition of
the outline given in the score in our evaluations.
The alignment results in a list of MIDI notes with the
correct temporal alignment to the performance. As a final
step, we obtain the microtonal information for each MIDI
note from our edited SymbTr notation, which includes a
resolution equal to the Holderian comma (53 equal tem-
pered steps per octave). All note values are given in cent,
normalized such that the tonic of the piece obtains a value
of 0cents. Which note represents the tonic in the notation
is a given information when we assume the melodic mode
(makam) to be known. This is a realistic assumption, as for
most recordings the makam is an available metadata.
Form Makam Instr. Notes Tonic/Hz
1 Pes¸rev Beyati Ensemble 906 125
2 Pes¸rev Beyati Ney 233 438
3 Saz S. Hicazkar Tanbur 706 147
4 Pes¸rev Hu¨seyni Ensemble 302 445
5 Pes¸rev Hu¨seyni Ensemble 614 124
6 Saz S. Muhayyer Ney 560 495
7 Saz S. Muhayyer Ensemble 837 294
8 Pes¸rev. Rast Tanbur 658 148
9 Pes¸rev Rast Ney 673 392
10 Pes¸rev. Segah Ney 379 541
11 Pes¸rev. Segah Ensemble 743 246
12 Saz S. Segah Ensemble 339 311
13 Saz S. Segah Tanbur 364 186
14 Saz S. Us¸s¸ak Tanbur 943 165
15 Saz S. Us¸s¸ak Tanbur 784 162
16 Saz S. Us¸s¸ak Ney 566 499
Table 1. Collection of recordings used for transcription.
Summing up, our ground truth annotation consists of
a list of time instances and a note value in cent assigned
to each time instance. In order to compare the output of
our transcription system with such a ground truth, we need
to estimate the tonic frequency of the recording and then
normalize the estimated note values accordingly. We man-
ually determined the tonic frequencies for all recordings,
and list them along with other information of our collection
in Table 1. We also include the automatic tonic detection
approach proposed by Bozkurt [6] into our system, and we
monitor how its errors affect the transcription. The listed
tonic frequencies illustrate the wide range between tanbur
and ney registers, which causes the playing of the melody
in different octaves by these instruments (see the trait list
in Section 2). Our ground truth annotation consists of a
total of 9607 notes, distributed into 2411 for ney, 3455 for
tanbur and 3741 for ensemble pieces.
3.2 Evaluation Metrics
For assessing the performance of Turkish music transcrip-
tion systems, we propose a set of transcription metrics which
are based on the metrics used for the MIREX Note Track-
ing evaluations [3]. In onset-based transcription evaluation
of Eurogenetic music, a note event is assumed to be cor-
rect if its F0 is within 50 cent of the ground-truth pitch and
its onset within a +/-50 or +/-100ms tolerance. Likewise
for onset-offset evaluation, a note is considered correct if
its offset time is also within 20% of the ground-truth note’s
duration around its offset value, or within a tolerance of the
ground-truth notes offset.
For the proposed evaluations, we consider a note to be
correct if its F0 is within a +/-20 cent tolerance around the
ground-truth pitch and its onset is within a 100ms toler-
ance. The +/-20 cent and +/-100ms tolerance levels are
considered to be “fair margins for an accurate transcrip-
tion” according to Charles Seeger [13]. Thus, we define the
following onset-based Precision, Recall, and F-measure:
Pons =
Ntp
Nsys
, Rons =
Ntp
Nref
, Fons =
2RP
R+ P
(1)
where Ntp is the number of correctly detected notes, Nsys
the number of notes detected by the transcription system,
and Nref the number of reference notes. It should be noted
that duplicate notes are considered as false alarms.
Even though onset-based evaluation is sufficient when
transcribing recordings from pitched percussive instruments
like the tanbur (where defining note offsets is generally an
ill-defined problem), it can be useful performing onset-
offset evaluation for pitched non-percussive instruments
like ney. We thus consider a note event to be correct if,
apart from the onset condition, its offset time is also within
20% of the ground-truth note’s duration around its offset
value, or within 100ms offset tolerance. We thus propose
onset-offset Precision, Recall, and F-measure, denotedPoff ,
Roff , and Foff , respectively, in the same way as in (1).
4. SYSTEM
The proposed transcription system takes as input a record-
ing and information about the makam. Multi-pitch detec-
tion is performed using a shift-invariant model which was
proposed in [4], modified for using ney and tanbur tem-
plates. Note tracking is performed as a post-processing
step, followed by tonic detection. The final transcription
output is a list of note events in cent scale centered around
the tonic. A diagram of the proposed transcription system
can be seen in Fig. 3.
TIME/FREQUENCY
REPRESENTATION
AUDIO TRANSCRIPTION
MODEL
POST-PROCESSING TONIC
DETECTION
TRANSCRIPTION
OUTPUT
MAKAM
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TEMPLATES
Figure 3. Proposed transcription system diagram.
4.1 Pitch Template Extraction
In systems for transcribing Eurogenetic music, pitch tem-
plates are typically extracted from isolated note samples
(e.g. [7]). Since to the authors’ knowledge such a database
of isolated note samples for Turkish instruments does not
exist, we extracted pitch templates using a dataset of 3 solo
ney and 4 solo tanbur recordings.
Each note segment is identified and manually labeled,
and the probabilistic latent component analysis (PLCA)
method [14] with one component is employed per segment
in order to extract a single spectral template per pitch. The
time/frequency representation used is the constant-Q trans-
form (CQT) with a spectral resolution of 60 bins/octave,
with 27.5Hz as the lowest bin [12]. Since in log-frequency
representations like the CQT the inter-harmonic spacings
are constant for all pitches, templates for missing notes in
the set were created by shifting the CQT spectra of neigh-
boring notes. In the final collection of pitch templates, the
range (in MIDI scale) for ney is 60-88 and the range for
tanbur is 39-72.
4.2 Transcription Model
For performing multi-pitch detection, we employ the model
of [4], which was originally developed for transcribing Eu-
rogenetic music. The model expands PLCA techniques
by supporting multiple templates per pitch and instrument
source, as well as shift invariance over log-frequency; the
latter is useful for performing multi-pitch detection in fre-
quency resolution higher than MIDI scale.
The model takes as input a log-frequency spectrogram
Vω,t and approximates it as a joint distribution over time
and log-frequency P (ω, t) (ω is the log-frequency index
and t the time index). P (ω, t) is factored into P (t) (spec-
trogram energy, which is a known quantity) and P (ω|t),
which is modeled as:
P (ω|t) =
∑
p,s,f
P (ω − f |s, p)P (f |p, t)P (s|p, t)P (p|t)
(2)
In (2), p is the pitch index in MIDI scale, s is the instru-
ment source index, and f the pitch shifting factor (which
accounts for frequency modulations or tuning deviations).
Thus, P (ω|s, p) denotes the spectral template for instru-
ment source s and pitch p, P (f |p, t) is the time-varying
log-frequency shift per pitch, P (s|p, t) is the time-varying
source contribution per pitch, and P (p|t) the pitch activa-
tion over time. The shifting factor f is constrained to one
f
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Figure 4. The time-pitch representation P (f ′, t) for the
‘Beyati Pes¸rev’ piece performed by ney.
semitone range, thus with a CQT resolution of 60 bins/octave
f has a length of 5.
The unknown model parameters P (f |p, t), P (s|p, t),
and P (p|t) are estimated using iterative update rules based
on the Expectation-Maximization algorithm, and can be
found in [4]. The spectral templates P (ω|s, p) are kept
fixed using the pre-extracted pitch templates from Section
4.1 and are not updated. The number of iterations is set to
15. The output of the transcription model is a pitch acti-
vation matrix and a shifting tensor which are respectively
given by:
P (p, t) = P (t)P (p|t) (3)
P (f, p, t) = P (t)P (p|t)P (f |p, t) (4)
By stacking slices of P (f, p, t) for all pitch values, a
time-pitch representation with 20 cent resolution, useful
for pitch content visualization, can be created:
P (f ′, t) = [P (f, plow, t) · · ·P (f, phigh, t)] (5)
where f ′ denotes pitch in 20 cent resolution, plow = 39 is
the lowest pitch value, and phigh = 88 the highest pitch
value considered. In Fig. 4 the time-pitch representation
for a ney piece can be seen.
4.3 Post-processing
The output of the transcription model of Section 4.2 is a
non-binary pitch activation matrix which needs to be con-
verted into a list of note events, listing onset, offset, and
pitch. In order to achieve that, we first perform median
filtering on P (p, t) and then perform thresholding on the
activation, followed by minimum duration pruning (with a
minimum note event duration of 130ms), in the same way
as in [7].
Since a significant portion of the dataset consists of en-
semble pieces where the tanbur and ney are performing in
octave unison, we need to convert that heterophonic output
of the multi-pitch detection algorithm into a monophonic
output which will be usable as a final transcription. Thus,
a simple ‘ensemble detector’ is created by measuring the
percentage of octave intervals in the detected transcription.
If the percentage is above 20%, the piece is considered to
be an ensemble one. Then, for each ensemble piece each
octave interval is processed by merging the note event of
the higher note with that of the lowest one.
In order to convert a detected note event into the cent
scale, information from the pitch shifting factor f is used.
For each detected event with pitch p and for each time
frame, we find the value of f that maximizes P (f, p, t):
fˆp,t = argmax
f
P (f, p, t) (6)
Then, the median of fˆp,t for all time frames belonging
to that note event is selected as the pitch shift that best
represents that note event. Given the CQT resolution (60
bins/octave), the value in cent scale wrt the lowest fre-
quency bin of the detected pitch is simply 20(fˆ−1), where
fˆ is the pitch index (in 20 cent scale) of the detected note.
4.4 Tonic detection
In order to detect the tonic frequency of the recording we
apply the procedure described in [6]. It computes a his-
togram of the detected pitch values, and aligns it with a
template histogram for a given makam using the cross-
correlation function. Then the peak in the pitch histogram
is assigned to the tonic which is closest to the peak of the
tonic in the template, and all detected pitches are centered
around this value. Finally, after centering the detected note
events by the tonic, we eliminate note events that occur
more than 1700 cents or less than -500 cents apart from
the tonic, since such note ranges are rarely encountered in
Turkish makam music.
5. RESULTS
Using the evaluation metrics defined in Section 3.2, tran-
scription results using the proposed system with manually
annotated tonic can be seen in Table 2, where the reported
F-measure reaches 51.24% using 20 cent tolerance. It can
be seen that the worst performance of Fons = 47.35% is
reported for the subset of ensemble recordings, which is
to be expected compared to the performance of the mono-
phonic recordings. Also, results using automatically esti-
mated tonic can be seen in Table 3, where there is a per-
formance drop of about 10.5% in terms of F-measure. It
should be noted that since the output of the transcription
system is centered around the tonic and the F0 tolerance
for the evaluation is 20 cent, even a slight tonic miscal-
culation might lead to a performance decrease. Using the
dataset of Section 3, major tonic mis-estimations were ob-
served for recordings 1, 5, and 10 (described in Table 1),
leading to an F-measure for these recordings which is close
to zero.
Pons Rons Fons
Ney recordings 51.58% 52.67% 51.51%
Tanbur recordings 61.69% 49.66% 54.82%
Ensemble recordings 41.48% 56.28% 47.35%
All recordings 51.58% 52.85% 51.24%
Table 2. Transcription onset-based results using manually
annotated tonic.
Pons Rons Fons
Ney recordings 44.67% 43.98% 43.90%
Tanbur recordings 36.27% 45.13% 40.04%
Ensemble recordings 45.56% 33.21% 38.13%
All recordings 41.23% 42.07% 40.89%
Table 3. Transcription onset-based results using automati-
cally detected tonic.
Regarding the impact of the F0 tolerance in the evalu-
ation, Fig. 5 shows transcription results in F-measure us-
ing different F0 tolerance values, ranging from 10 cent to
50 cent. It can be seen that using 50 cent tolerance (i.e.
the standard for evaluating Eurogenetic music transcription
systems), the performance of the proposed system reaches
Fons = 61.58%. As far as the impact of the onset tol-
erance is concerned, Fig. 6 shows transcription results in
F-measure using different onset tolerance values, ranging
from 50ms to 150ms.
As far as onset-offset evaluation results using the ney
recordings, the reported F-measure is 25.04%, whilePoff =
25.12% and Roff = 25.54%. Even though the onset-offset
detection results might seem low, it should be stressed that
estimating offsets (both manually and automatically) is an
ill-defined problem and that similar results are reported in
the MIREX Note Tracking evaluations [1].
The impact of several sub-components of the system
can also be seen by disabling the ‘ensemble detection’ pro-
cedure, which leads to an F-measure of 45.08% for the en-
semble pieces, which is more than a 2% decrease in per-
formance. By removing the minimum duration pruning
process (which was applied for detected note events less
than 130ms), the reported F-measure with manually anno-
tated tonic is 49.35%, which is a performance decrease of
about 2%. Finally, by disabling the system sub-component
which deletes note events that appear more than 1700 cents
or less than -500 cents away from the tonic, the system per-
formance drops to 47.42%; system decrease is more ap-
parent in the ensemble pieces (which are performed in an
octave unison, spanning a wider note range), leading to an
F-measure of 40.60%.
6. DISCUSSION
Overall, it was shown that although the performance of au-
tomatic music transcription systems is still below that of
a human expert, it is possible to produce fairly accurate
transcriptions from Turkish music, which can be used as a
basis for manually corrected scores. This can be verified
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Figure 5. Onset-based transcription results in F with man-
ually annotated tonic using different F0 tolerance.
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Figure 6. Onset-based transcription results in F with man-
ually annotated tonic using different onset tolerance.
by comparing original recordings and MIDI transcriptions
(without pitch bend), which can be found online 3 .
It was also shown that transcribing heterophonic music
is an additional challenge for creating a system for tran-
scribing Turkish makam music. On the one hand, one ma-
jor drawback from automatic transcription systems is the
fact that they produce octave errors, while on the other
hand the multi-pitch output needs to be converted into a
single melodic line for a makam score, which poses a dif-
ferent set of challenges.
One major issue with creating a spectrogram factorization-
based transcription system for Turkish music is the lack
of isolated note recordings for creating a training set; a
set was created by segmenting some relatively clean solo
recordings but we believe that an isolated sounds database
would considerably improve the performance of the pro-
posed system, especially in the tanbur case, where there
are strong transient elements in tanbur tones. Another is-
sue is the presence of percussion in makam pieces, which
in certain cases resulted in false alarms in the transcrip-
tions; again, a set of isolated percussive sounds could im-
prove the performance of the proposed system. Apart from
these template-related improvements, we intend to evalu-
ate the system on vocal recordings and aim at including an
improved tonic detection into the algorithm.
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